Brage S, Ekelund U, Brage N, Hennings MA, Froberg K, Franks PW, Wareham NJ. Hierarchy of individual calibration levels for heart rate and accelerometry to measure physical activity. J Appl Physiol 103: [682][683][684][685][686][687][688][689][690][691][692] 2007. First published April 26, 2007; doi:10.1152/japplphysiol.00092.2006.-Combining accelerometry with heart rate (HR) monitoring may improve precision of physical activity measurement. Considerable variation exists in the relationships between physical activity intensity (PAI) and HR and accelerometry, which may be reduced by individual calibration. However, individual calibration limits feasibility of these techniques in population studies, and less burdensome, yet valid, methods of calibration are required. We aimed to evaluate the precision of different individual calibration procedures against a reference calibration procedure: a ramped treadmill walking-running test with continuous measurement of PAI by indirect calorimetry in 26 women and 25 men [mean (SD): 35 (9) yr, 1.69 (0.10) m, 70 (14) kg]. Acceleration (along the longitudinal axis of the trunk) and HR were measured simultaneously. Alternative calibration procedures included treadmill testing without calorimetry, submaximal step and walk tests with and without calorimetry, and nonexercise calibration using sleeping HR and gender. Reference accelerometry and HR models explained Ͼ95% of the betweenindividual variance in PAI (P Ͻ 0.001). This fraction dropped to 73 and 81%, respectively, for accelerometry and HR models calibrated with treadmill tests without calorimetry.
ACCURATE QUANTIFICATION OF habitual physical activity is important to characterize the relationships between physical activity and health outcomes, to determine the interaction between physical activity and genetic factors, to monitor temporal trends at the population level, and to assess compliance to lifestyle interventions (24, 38, 60) . 1 Of the available objective methods, heart rate (HR) monitoring has the advantage that, within an individual, HR displays a strong and relatively universal relationship with physical activity intensity (PAI) across different types of activity, at least at moderate to high intensities (55) . However, because the accurate estimation of PAI via HR monitoring may require relatively resourcedemanding procedures for individual calibration, this method is less feasible in large-scale studies.
Traditionally, individual calibration has been performed by simultaneously measuring HR and energy expenditure via respiratory gas exchange at rest and during a graded exercise test preferably covering a wide-intensity range. Recently, however, more feasible calibration procedures have been proposed to account for the between-individual variance in HR-PAI relationships (2, 11, 48) . Sources of this variance include acute and chronic differences in stroke volume, hemoglobin concentration, and the fraction of hemoglobin saturated with O 2 in both arterial and venous blood. Direct or indirect assessment of these parameters may account for some of the between-individual variance in HR-PAI relationships (28, 29, 32) .
In a sample of Caucasian adults, we previously reported that the precision of PAI prediction equations improves by incorporating information obtained from a simple low-to-moderate intensity step test (10) . However, the extent to which measurement of respiratory gas exchange during a step test further improves precision remains uncertain. In addition, the utility of a simple walking test has not been fully explored in the context of HR-PAI calibration. It is also unknown whether measures of HR variability account for meaningful fractions of the variance in the HR-PAI relationship. Furthermore, individual calibration of accelerometry (ACC) measures with PAI has not been explored in depth, although the utility of calibrating ACC data to an individually assessed reference activity, such as treadmill walking, has been reported for free-living adolescents (20) . The validity of such procedures in other scenarios and populations is, however, uncertain (11, 15) .
The objective of this study was to evaluate several procedures for individual calibration, suitable for use in a range of study settings, against the reference procedure: a treadmill test with indirect calorimetric assessment of PAI covering a wide intensity range. We did this for ACC-PAI and HR-PAI relationships separately and also assessed whether combined ACC and HR monitoring improved the estimation of PAI across the levels of individual calibration, as this would likely improve precision (3, 10 -12, 27, 30, 39, 43, 47, 52, 53, 58, 59) .
METHODS

Participants
A total of 26 women and 25 men were recruited from the Cambridge area (UK). Participants were free from cardiopulmonary and metabolic diseases. Ethical approval for the study was obtained from the local research ethics committee. All participants provided written, informed consent.
Study Procedure
Participants were asked to refrain from eating, drinking (except water), smoking, and vigorous exercise for at least 2 h before they arrived at the laboratory. We measured height and weight of subjects in light clothing using a rigid stadiometer and calibrated scales, respectively. Body fat percentage was assessed with the four-compartment model (65) using dual X-ray absorptiometry (Lunar Prodigy; GE Healthcare), air-displacement plethysmography (BodPod; Life Measurement), and heavy water dilution (174 mg of H 2 18 O and 70 mg of 2 H2O per kg body wt). After light preparation of the skin, ECG electrodes (Red Dot 2570; 3M) were applied on the left side of the chest, with the medial electrode placed just below the apex of the sternum and the lateral electrode placed 12-13 cm horizontally from there [lower position (9) ]. Participants were fitted with a combined HR and movement sensor (Actiheart; Cambridge Neurotechnology). The accelerometer in this device has a linear (R 2 ϭ 0.999) response to acceleration (10) and was oriented to measure acceleration along the body's longitudinal axis. The HR sensor detects the location of the QRS complex by a differential voltage threshold method and subsequent interpolation and records the intervals between R waves [interbeat interval (IBI)] and average HR, ignoring indiscernible waveforms (10, 44) .
Each participant completed four main components of the study, which included a rest test, a step test, a treadmill test, and a free-living observation period for measurement of sleeping HR (SHR). An interval, sufficient to allow HR to return to within 20% of resting HR and lasting no less than 10 min, separated the step and treadmill tests.
Energy Expenditure
Energy expenditure during rest, step, and treadmill tests was measured via indirect calorimetry (Oxycon Pro; Jaeger). Before each test, the vanes that measure respiratory ventilation were calibrated against two known flow rates (0.2 and 2.0 l/s), and gas analyzers were calibrated against gases of known concentration (5% CO 2 and 0% O2) and room air, as recommended by the manufacturer. This system has been validated previously (49) . Energy expenditure was calculated according to Weir (61) (expressed in J ⅐ min Ϫ1 ⅐ kg Ϫ1 ). Respiratory gas-exchange data were collected on a breath-by-breath basis and initially averaged over 15-s epochs, disregarding the two most extreme values in each interval, which were subsequently smoothed by a three-epoch moving average (except for the last epoch).
Rest Test
Resting HR and resting metabolic rate (RMR) over 45 min were assessed with a ventilated hood with the indirect calorimetry system described above, ϳ1 h after arrival at the test center. The average of minutes 7-45 was used in the analyses. Total hemoglobin concentration was measured from a finger-prick blood sample (B-Hemoglobin Analyzer; HemoCue).
Step Test
Participants underwent an 8-min step test as described previously (10) . Briefly, participants were instructed to progressively increase their step frequency, dictated by audible metronome (supplied with Actiheart software), ramping up after the first minute from 15 to 32.5 body lifts/min (rate of change: 2.5 body lifts/min 2 ) on a 215-mm high step. The step test was terminated earlier if HR exceeded 90% of age-predicted maximal HR (56) or if the participant was unable to maintain the prescribed step frequency, even after verbal encouragement from the investigator. After test termination, seated HR recovery was measured for 2 min. The combined sensor was configured to record ACC and ECG waveforms (32 and 128 Hz sampling, respectively), summarized in 15-s epochs. Respiratory gas exchange during the step test and the recovery period was measured with the use of a facemask with the indirect calorimetry system described above. PAI was calculated by subtracting RMR from total energy expenditure (61) .
For each individual, two sets of ACC-PAI and HR-PAI slopes (␤ step) and intercepts (␣step) were derived with the use of all data in the test phase except the first minute; one set of parameters [␤step (V O 2 ) and ␣step (V O 2 ), where V O2 is oxygen consumption] used the measured PAI during the step test, and a second set of parameters [␤step (no V O 2 ) and ␣step (no V O 2 )] used estimated PAI for each epoch, based on the average for the whole group, except the individual for whom the calibration was being derived. Thus the latter procedure represents a step-test calibration without measurement of PAI but with knowledge about the "normal" PAI response to this protocol. Fast Fourier transformation of the acceleration waveform for each epoch was used to calculate deviance (⌬steps/min) from the prescribed step frequency, with the assumption that the spectral power peak within four steps per minute of the prescribed frequency represents the actual step frequency. Regressions using estimated PAI were adjusted for the fast Fourier transformation-assessed deviance from the prescribed protocol frequency.
Time-and frequency-domain measures of HR variability [root mean square of successive IBI differences (RMSSD), low-frequency power (LF), high-frequency power (HF), and LF-to-HF ratio] during minutes 2-5 of the step test were derived as described elsewhere (1) . Beat-by-beat HR recovery over 90 s was regressed (quadratic), from which another individual calibration parameter, recovery HRaSstep, was expressed as the HR above SRH (HRaS) at 1-min recovery time.
Treadmill Test
The Oxycon Pro was configured to control a motorized treadmill (HP Cosmo Pulsar 4.0). A ramped treadmill protocol consisting of three main test phases was used. Phase 1 (level walking) involved level walking with increasing speed (3 min at 3.2 km/h and then accelerating at 0.33 km ⅐ h Ϫ1 ⅐ min Ϫ1 for the next 6 min), phase 2 (graded walking) consisted of brisk walking (5.2-5.8 km/h) with increasing gradient (at a rate of 1.7% increased gradient/min for 6 min), and phase 3 (level running) involved level running with speed increasing from 9 to 12.5 km/h for 4.5 min (average acceleration of 0.78 km ⅐ h Ϫ1 ⅐ min Ϫ1 ). Transition between phases 2 and 3 was first a change in gradient by Ϫ10.2% over 30 s (now level), followed by a change in speed by ϩ3.2 km/h over 30 s. The treadmill protocol was terminated earlier if the participant wished to stop, if the respiratory exchange ratio exceeded 1.0, or if HR exceeded 90% of the agepredicted maximal HR (56) . Energy expenditure, ACC, and HR were measured and summarized as described above for the step test, except that the combined sensor was configured to record all IBIs and to summarize ACC across 15-s epochs.
As for the step test, two sets of calibration parameters for both ACC-PAI and HR-PAI were derived: one set [␤tread (V O 2 ) and ␣ tread (V O 2 )] was based on measured PAI. This level represents our reference calibration level (see below). The other parameter set [␤tread (no V O 2 ) and ␣tread (no V O 2 )] was based on estimated PAI at each time point in the treadmill test, calculated as the average PAI of all individuals except the one for whom the estimate was intended. For individuals without running data, we used the group average for this segment of their ACC-PAI relationship. In addition, we derived sets of individual treadmill calibration parameters, disregarding the running phase of the protocol (models with subscript "excl run").
Walk Test
The first 3 min of the treadmill test was used as an ultrashort walk-test calibration. Average ACC and HRaS of minute 3 were expressed relative to either measured or estimated PAI (ACC 3-min walk ϭ PAI/ACC and HRaS3-min walk ϭ PAI/HRaS, respectively). HR variability measures for the walk calibration were derived in the same time interval and as otherwise described for the step test.
Calibration Variables Obtained From Free-Living Data
The combined sensor was configured to record ACC, HR, and the four most extreme IBIs in each 1-min epoch during at least 1 wk of free living. From these data, SHR was derived (10) . HR above SHR (HRaS) was calculated as HR minus SHR. It is assumed that information about age, gender, height, weight, and SHR would be available as means of calibration when employing objective monitoring in epidemiological settings.
Calibration Levels
Seven main levels of individual calibration of the ACC-PAI relationship and the HR-PAI relationship were developed: 1) individually determined ACC-PAI and HR-PAI relationships during treadmill locomotion (reference level), 2) ACC and HR response to the treadmill protocol without measurement of PAI, assuming that all individuals expend the same amount of physiological energy at any given workload, 3) measurement of ACC, HR, and PAI during the step test, 4) ACC and HR responses to the step test without measurement of PAI, 5) measurement of ACC, HR, and PAI during a 3-min walk, 6) ACC and HR response to a 3-min walk without measurement of PAI, and 7) nondynamic calibration where only variables such as age, gender, height, weight, and SHR of the individuals are known. Calibration levels of HR-PAI were extended with hemoglobin concentration.
Calculations and Statistics
HR data were cleaned before analysis (9) . IBI data were manually inspected for missed and ectopic beats before measures of HR variability were derived (4, 5); these were subsequently log transformed.
Derivation of models. The first 3 min of the treadmill test and 1 min of phase transition between phases 2 and 3 were excluded for derivation of PAI models. Segmented linear models for the ACC-PAI relationship were established using level walking and level running data separately, between which interpolation was used to connect the two equations. The ACC-PAI equation was extended downward to a flex movement point equal to 50% of mean ACC at 3.2 km/h. Stepwise multiple linear regression for time series (ANOVA repeated measures with random effects on individual level) was used to derive final prediction PAI models for all levels of individual calibration. Initial models included all terms available for the level in question, including interaction terms (products) for ACC and HRaS with variables that could plausibly influence the ACC-PAI and HRaS-PAI slopes, respectively. Interaction terms were only included together with the singular terms from which they were computed. Exceptions to this rule were ␤ (slope) variables, which were only entered as interaction terms but always accompanied by its corresponding ␣ (intercept) variable (see above). Variables were removed to maximize the explained variance between individuals with the fewest degrees of freedom.
Cross-validation. All derived PAI models and corresponding branched equation estimates (11) for combining HR and ACC were cross-validated separately for each treadmill phase using the Student's Jackknife approach ("leave-one-out"), i.e., calculating predictions of PAI from n permutations of the equations derived on the whole sample except data from the individual for whom the equation prediction was intended (n Ϫ 1) and then comparing this against that observed (26) . Branch parameters x, y, and z were set at 0.075 m/s 2 , transition HRaS, and flex HRaS, respectively (the latter 2 expressed as functions of SHR), using a priori weightings of the HR-PAI relationship of 90%, 50%, 50%, and 10%, for branch boxes 1-4, respectively (11) . The cross-validation of the two equations using calibration via ramped treadmill testing is not an independent cross-validation of these two levels, as each individual's HR data are used in both derivation and validation and for the reference calibration level; this is also true for the PAI data. These two levels of individual calibrations are included in the cross-validation for the purpose of comparison. Bland-Altman plots were produced (7), and the association between estimation error and measured PAI was tested with Pearson correlation. Mean signed error and root mean squared error (RMSE) values were calculated. ANOVA repeated measures were used to test differences between estimated and measured PAI and differences in estimation accuracy (RMSE) between calibration models. Previously published PAI prediction equations (10, 32) , combined by branched equation modeling (where applicable), were cross-validated in a similar manner. In addition, the step-test data were used in a different capacity to examine the precision by which the treadmill-derived ACC-PAI and HR-PAI models and their branched model combinations could capture PAI measured during stepping (disregarding the first 3 min). All analyses were conducted with STATA SE 9.2 (StataCorp).
RESULTS
Participant characteristics are shown in Table 1 . SHR was higher in women (P ϭ 0.022), but neither resting HR nor RMR measured in the laboratory differed by gender (P Ն 0.42). The RMR, resting metabolic rate; HR, heart rate; V O2max, oxygen consumption at age-predicted maximal HR. *P Ͻ 0.05 different from women.
relationship between resting HRaS and SHR was 0.066 SHR ϩ 2.2. Both hemoglobin concentration and maximal V O 2 (estimated by extrapolating the HR-V O 2 relationship to age-predicted maximum HR) were higher in men (P Ͻ 0.001).
Step-Test Calibration Parameters
All but five participants completed the 8-min step test. One completed only 5 min, and four individuals completed 7 min. As shown in Fig. 1 
Derivation of PAI Models for Walking and Running
Median (range) treadmill test duration was 20 (13.5-20.5) min. All but 3 participants completed the two first treadmill phases, and all but 10 individuals did at least 1 min of running. As shown in Fig. 1 , PAI increased continuously throughout the Tables 2 and 3 display the derived ACC-PAI and HR-PAI models, respectively. Time shifting ACC one or two epochs in relation to measured PAI had little impact on the derived relationships, with predicted values being 1% higher per 15-s shift (R 2 values similar). Reference level models (level 1) using individual calibration of ACC to PAI and HR to PAI with respiratory gas-exchange measurement during the treadmill test both explained ϳ98% of the overall variance (between R 2 Ͼ 98%) with SEE values about one-half of RMR, although only 84% overall variance (between R 2 ϭ 95%) was explained for the ACC model when uphill walking was included in the evaluation. ACC and HR models utilizing individual treadmill calibration parameters obtained in exactly the same way but using only the two walking phases for derivation still explained 85% and 92% of the between-individual variance in PAI, respectively. Full-length treadmill test using estimated PAI as basis for calibration (level 2) explained 88% (ACC) and 81% (HR) of the between-individual variance in measured PAI, with 33 and 62% higher SEE values than level 1.
Calibration via either a step test or a short walk test captured significant proportions of the between-individual variance in the ACC-PAI and HR-PAI relationships, with little or no benefit of direct measurement of gas exchange for HR models. The walk calibration levels performed slightly better for ACC models, whereas the step test was of greatest utility for HR models. Of all HR variability variables considered, the timedomain variable RMSSD explained most between-individual variance. For step-calibrated models, however, this was only evident when recovery HR was not included (coefficients ϳ23 J⅐min Ϫ1 ⅐kg Ϫ1 per unit increase in lnRMSSD step ; models not shown).
Absolute ) for the nondynamic calibration level (models not shown).
Cross-Validation of Derived PAI Models
The Jackknife cross-validation data of derived ACC and HR models are shown in Table 4 , separately for each treadmill phase (level walking, graded walking, and level running). The Models are derived from flat walking (n ϭ 51) and flat running (n ϭ 42) data only. R 2 and standard error of estimate (SEE) represent goodness of fit for flat treadmill phases, with values in parentheses representing all treadmill phases. Level 1: treadmill calibration with indirect calorimetry ͓reference level, ␣1 (intercept) and ␤1 (slope) derived from walking segment, and ␣2 and ␤2 derived from running segment͔. Level 2: treadmill calibration without indirect calorimetry (assuming same walk-run efficiency for all participants at any given work rate). Level 3: step-test calibration with indirect calorimetry. Level 4: step-test calibration without indirect calorimetry (assuming same step efficiency for all participants at any given work rate). Level 5: 3-min walk calibration with indirect calorimetry. Level 6: 3-min walk calibration without indirect calorimetry (assuming same walk efficiency for all participants). Level 7: nonexercise calibration. Models with "excl run" subscript do not require running for calibration. ACC, acceleration (in m/s 2 ) along the longitudinal axis of the trunk; PAI, physical activity intensity.
ACC models (derived from data from level walking and running) displayed no mean bias in level treadmill activity but underestimated graded walking by ϳ30%. HR models displayed little or no mean bias on all levels of calibration. For all models, we observed negative correlations between estimation error and measured PAI. By contrast, the HR model derived by Keytel et al. (32) overestimated PAI during all treadmill phases by 17-36% with larger scatter around the mean but showed a positive trend for the signed error to depend on PAI. For all models, magnitude of estimation error increased with increasing PAI. This was also the case for ACC models when error magnitude was expressed relative to PAI, whereas a decrease was observed for the HR models. RMSE of the reference calibration level for ACC (level 1) was 7% of measured PAI during level walking, 37% during graded walking, and 8% during running (Table 4) . For level walking and running, respective RMSE values were 115% and 36% higher on the calibration level utilizing treadmill testing without direct PAI measurement as calibration (level 2). This error increased only marginally during walking when using less intense forms of individual calibration (levels 3-7), whereas the error in running was further inflated by ϳ50% on these calibration levels.
RMSE of the reference HR model (level 1) was 13% of measured PAI during level walking, 8% during graded walking, and 6% during running, thus being less precise than the reference ACC model (level 1) in level walking but more precise in graded walking and running. The errors of the HR model using full-length treadmill calibration without PAI measurement (level 2) were 44 -69% larger than reference model errors. HR models incorporating step-test parameters (levels 3 and 4) had errors about twice the reference level error. Models using short-walk calibration (levels 5 and 6) were also half as accurate as the reference model for level walking but less accurate during graded walking and level running. Errors for the nonexercise calibrated HR model (level 7) and the model by Keytel et al. (32) were about three-and fivefold as large as reference calibration level errors, respectively.
PAI estimates from a combination of the ACC-PAI and HR-PAI equations on each of the levels of individual calibration using the branched modeling approach were also crossvalidated (Table 5 ). Proportions of observations quantified by the four branches (branch utilizations with regard to time) were 3/97/0/0%, 44/56/0/0%, and 99/1/0/0% for level walking, graded walking, and level running, respectively. In general, ACC models improved precision during graded walking and running by combining with HR, but error tended to increase for level walking. In parallel, most HR-based models improved accuracy during level walking and running phases by combining with ACC, with the greatest benefit occurring during level walking and in models with lower degree of individual calibration. By contrast, errors during graded walking increased by combining HR with ACC with the set of branched equation parameters used here. For the previously published values of "flex HRaS" and "transition HRaS" (10), branch utilizations were 2/98/0/0%, 26/74/0/0%, and 94/6/0/0% for level walking, graded walking, and level running, respectively, which in conjunction with the equations from the same study resulted in underestimation of PAI during all treadmill phases.
Validation of PAI Models During Stepping
The step-test data were also utilized to examine the effect of combining ACC with HR for estimating PAI during this activity. The derived ACC-PAI equations all significantly underestimated PAI during the step test by ϳ41% (P Ͻ 0.001). Underestimation of PAI was also evident in some of the HR models, although to a lesser degree (Յ6%). Combined models generally underestimated step PAI by 17%.
DISCUSSION
The advantages of objective measurement of physical activity in large-scale epidemiological studies are becoming increasingly acknowledged, but employment of these methods may be limited by the need for individual calibration. As with all measurements, there is a trade-off between validity and feasibility, and individual calibration should be viewed as a matter of degree, rather than an all-or-nothing determination of whether all between-individual variance has been accounted for. This study aimed to quantify the loss of validity that would follow the use of more feasible, less intensive methods for individual calibration in a heterogeneous sample of adult men and women, covering a wide range in age, fitness, and anthropometric characteristics. Our results show that reasonably precise estimates of walking and running intensity may be obtained with ACC and HR monitoring. Models based on HR alone are more sensitive to loss of information through simplifying individual calibration. Validity of combined models was generally higher and less susceptible to loss of calibration information. Measured RMR agreed well with predicted values using only age, gender, height, and weight (42) , which is consistent with a study comparing several prediction equations (23) . Thus estimates of total metabolic rate may be easily obtained from the PAI equations derived here.
ACC-PAI Relationship
None of the routinely available variables (age, gender, and height) contributed significantly to the ACC models. Variance in the ACC-PAI relationship would be expected to stem from sources different from those affecting the HR-PAI relationship, mainly because ACC is a biomechanical measure and also because the translation into physiological PAI makes additional assumptions about the efficiency with which physical work is performed. The difference in precision, with which PAI was predicted from calorimetry-and noncalorimetrycalibrated models, illustrates the impact of efficiency. Some of the residual variance in the ACC-PAI relationship during treadmill activity was accounted for by including information obtained during a short walk or step test. In particular, the 3-min walk calibration with indirect calorimetry captured 85% of the between-individual variance in PAI during flat treadmill activity (76% with graded walking). Our observations concur with those of Ekelund et al. (20) , who used individual ACC responses during treadmill walking to account for betweenindividual variance in free-living energy expenditure. By contrast, individual calibration of the ACC-PAI relationship during treadmill walking and running did not improve measurement precision of physical activity energy expenditure measured by whole-body direct calorimetry in 12 young men. This may be because of the greater homogeneity of that sample (11), although Chen and Sun (15) also reported only small improvements in accuracy when using individualized ACC-PAI curves for triaxial ACC to estimate energy expenditure in a large, heterogeneous sample.
The benefits of individually calibrating the walking-running ACC-PAI relationship may, however, be of minor importance, considering the nonuniversal nature of the ACC-PAI relationship across activity types. Acceleration along the longitudinal axis of the trunk is unlikely to relate similarly to PAI of biomechanically different forms of activity. In line with this, ACC-PAI relationships differ between level and graded walking (46, 57) , and ACC models may also not fully capture the increased energy expenditure associated with stair climbing (13, 50) . Not surprisingly, ACC-PAI models derived from level treadmill activity significantly underestimated PAI during both graded walking and stepping in the present study. In addition, one would expect cycling and swimming PAI to be greatly underestimated with treadmill-derived ACC-PAI equations. To capture differences in PAI in a range of biomechani-cally diverse activities with movement sensing alone, it may be necessary to combine several movement sensors placed on different parts of the body for movement signature recognition (66, 67) , which highlights the issue of validity vs. feasibility and may present additional challenges with regard to behavior alterations due to monitoring (64) .
HR-PAI Relationship
Theoretically, instantaneous V O 2 and carbon dioxide production (V CO 2 ) should be proportional to instantaneous cardiac output (HR times stroke volume) and also arterial V O 2 and V CO 2 differences, respectively, where arterial V O 2 difference depends on hemoglobin and PO 2 and arterial V CO 2 difference depends on factors such as hemoglobin content, pH, temperature, O 2 saturation, and PCO 2 (18, 22, 36) . Within individuals, HR is the most variable factor over time (minutes, hours) and may increase three-to fivefold from rest to maximal exercise. Because changes in arterial V O 2 difference and stroke volume usually occur simultaneously, although not always proportionally, with changes in HR, the use of an instantaneous measure of HR is a good starting point for indirect estimation of PAI. However, as this and many other studies have shown, the between-individual variance in HR-PAI relationships is often so large that simply using a raw measure of HR may not be meaningful. Previously, this has been overcome by individual calibration with direct measurement of PAI over a wide intensity range (60) . As our and other analyses have shown, some of this variance can be accounted for simply by using HR above resting level and adjusting for gender (2, 10, 11, 19) . These two factors may capture variance in stroke volume and oxygen transport capacity of the blood. Nonetheless, it was surprising that the hemoglobin level did not explain more variance in the HR-PAI relationships, but this may be because of a lack of heterogeneity in this parameter (17, 37, 40) . Similarly, some of the variance in fitness level, a factor known to have a profound impact on the HR-PAI relation (32), may be captured by SHR, but this is clearly better done by assessing the HR response to a dynamic stress test, even short ones. Markers of vagal activity during or immediately after exercise had some utility in the present study, although the physiological significance of HR variability measures is uncertain (45) . To this end, it is worth noting that RMSSD during the step test explained very little of the variance when recovery HR was also included, owing in part to the high intercorrelation. We speculate, therefore, that including a measure of HR recovery may increase validity of walk calibration, considering the greater robustness of such a measure over measures of HR variability (5, 41) . Models including step-or walk-test parameters were still relatively accurate, with errors roughly two to three times the error observed for the reference calibration level. Benefits of direct measurement of PAI during the walk and step tests were marginal, suggesting that either between-individual differences in walk and step efficiency were small compared with random error in the individual measurement of PAI during calibration or was compensated for by other covariates. Across calibration procedures, reliance on individually derived slopes and intercepts was greater for longer and more intense forms of calibration.
The equation developed by Keytel et al. (32) using steadystate work rates generally overestimated PAI during the ramped treadmill test used in the present study. Because differences in kinetics of HR and respiratory gas exchange . EJCN aϩd and EJCN aϩb represent levels of individual calibration equivalent to level 4 and level 6, respectively. *Significantly different from corresponding noncombined HR-model (P Ͻ 0.05). †Significantly different from level 1 (P Ͻ 0.05). ‡Significantly different from level 7 (P Ͻ 0.05). §Significantly different from corresponding noncombined ACC-model (P Ͻ 0.05).
when work rate is increasing would be negligible considering the relatively small ramp slope (rate of change in work rate) used in the present study, the discordance in PAI estimates is most likely explained by real differences in the two study populations. The observed bias may have been reduced, had Keytel's equation been expressed as HR above resting (2, 10, 11, 19) .
For epidemiological research, it is worth noting that an estimate of cardiorespiratory fitness, which is strongly related to metabolic health (6, 25, 33) , may be obtained by inserting maximum HRaS (predicted or measured) in derived HR-PAI equations. The validity of such fitness estimates should be evaluated by maximal exercise testing but would likely depend on the accuracy of the maximum HR estimate (56), on exercise intensity range of the individual calibration test in question, and possibly also on availability of respiratory gas-exchange parameters (8, 16, 34, 62, 63) .
Combined HR and ACC Models
As mentioned above, the relationship between ACC and PAI lacks universality across activity types, and a well-recognized limitation to HR monitoring, even when individually calibrated, is poorer specificity at very low PAI levels. It is generally agreed that at least some of these limitations may be overcome by combining HR and movement sensing (10 -12, 30, 47, 52-54, 58), which we could generally confirm in the present study. Specifically, when ACC-PAI models were combined with HR-PAI models, estimation error was reduced during graded walking, stepping, and running, but this benefit was absent in level walking. Most level walking observations were quantified with a 90% reliance of the ACC-PAI relationship, which would explain the similarity in PAI estimates. HR models, especially those incorporating less intense individual calibration, improved accuracy by being combined with ACC and mainly in level walking. Overall, the negative correlation of error from ACC and HR supports differential weighting modeling approaches, such as branched equation modeling (11) .
Limitations
It is possible that the walk calibration may have been performed differently and perhaps been more practical if not undertaken on treadmill but rather during self-paced walking over a set distance and with subsequent HR recovery measurement. Although a substantial part of the between-individual variance in PAI was accounted for, even with more parsimonious calibration techniques, it is unknown how error may propagate in other types of activities. Therefore, a key objective for future research on physical activity assessment would be to examine the error structure of models combining ACC and HR in diverse settings. Although HR-based methods have established validity across a wide range of activities, and HR-PAI equations from the present study therefore may generalize equally to those scenarios, there is less evidence of potential benefits for using some level of individual calibration for ACC-PAI (20) . Derived HR-PAI equations may, however, overestimate sedentary behavior, even when used with the highest level of individual calibration. Traditionally, the flex HR approach has been employed to overcome this (14, 35) . When combining HR with ACC, other options exist to overcome the lower validity of the HR-PAI relationship at low intensity, such as branched equation modeling (11, 30, 54, 58) . This requires complete continuous calibration curves for both ACC and HR, constructed by extrapolating the derived relationship downward to the respective flex points, below which relationships are forced through their origins.
In conclusion, it is possible to obtain reasonably precise estimates of walking and running intensity with ACC and HR monitoring, the latter being most sensitive to loss of information through simplifying individual calibration. Simpler methods for calibration, already proven feasible for fitness testing in epidemiological settings (6, 21, 31, 51) , can be performed with acceptable accuracy to consider combined HR and movement sensing as an objective measure of physical activity in population-based studies.
